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ABSTRACT Ultra High Voltage (UHV) transmission technology is the main regional power interconnection
method in China. In addition, renewable energy sources (RES) in China are characterized by centralized
distribution. In view of the cross-regional flexible scheduling of large-scale grid-connected RES, we build
a day-ahead optimization model which considers the generation economy and robustness of transmission
for each regional grid. The model considers the spatial clustering effect of RES and loads, uses robust
optimization theory to construct uncertainty sets, and introduces uncertain spatial constraint parameters to
compensate for the insufficiency of traditional robust optimization. Furthermore, a co-evolutionary algorithm
filter-based is proposed to solve above the mixed-integer non-convex nonlinear programming model. Taking
the modified IEEE-39 nodes as an example, the results show that the system cost can be reduced by 21.9%
by selecting the confidence probability of uncertain variables of both load and source under stable operation,
while the prediction accuracy has a significant impact on the system cost when the confidence probability
is smaller, and a better operation scheme can be obtained by increasing the space constraint parameters.
Finally, the feasibility of the proposed model and algorithm are verified on the Hami power grid in Xinjiang,
China.

INDEX TERMS Co-evolutionary algorithm, filter technology, flexible scheduling, interconnected power
systems, robust optimization.

I. INTRODUCTION
Ultra High Voltage (UHV) transmission technology has
become the main physical method of regional power inter-
connection in China [1]. The cross-regional interconnected
power grid (CRIG) [2], which has been a key driver of
Chinese development, has evolved through a complex and
lengthy process that has been influenced by numerous fac-
tors. Using UHV transmission, the CRIG system can effec-
tively alleviate imbalances between the power supply and
demand across regions that result from large-scale and long-
distance transmission, thus promoting the rapid development
of renewable energy sources (RES). However, the bilateral
instability caused by large-scale grid-connected RES and
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increasing loads inhibit the CRIG’s capability to respond
flexibly to power fluctuations [3]. Therefore, considering the
uncertainty of both power generation and loads, flexible dis-
patching among regions using existing resources has impor-
tant practical significance for balancing the power supply and
ensuring the sustainable development of power interconnec-
tion.

In recent years, many studies have focused on dispatching
modes and energy management models of CRIGs. These
studies have laid a theoretical foundation for our research
but there exist many problems that have not been fully con-
sidered. For example, a decentralized scheduling method has
been proposed [4] that takes into account the cross-regional
tie-line transaction plan. Although this decentralized schedul-
ing method overcame the shortcomings of traditional central-
ized scheduling, but it did not consider the fluctuation of loads
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and RES. In [5], the uncertainty of wind power and photo-
voltaic output were considered for a proposed decentralized
robust dispatch scheme for multi-area power systems, but the
load uncertainties were ignored and the model could not bal-
ance economy and robustness flexibly, so the results were too
conservative. In [6] a stochastic chance-constrained program-
ming scheduling model was proposed, which considers the
uncertainties of both sources and loads. However, the security
and stability of the system were not considered, and the rela-
tionship between uncertainties’ and constraints’ confidence
levels could not be determined. In [7], a coordinated optimal
dispatching model that benefits through integrated energy
interconnection among regions was proposed. The above-
mentioned methods not only fail to respond flexibly to source
and load fluctuations, but are also unable to balance economy
and robustness reasonably. At the same time, the threshold
effect with non-convex characteristics of thermal units has not
been considered in [7]–[10], so the local optimal solutions of
the non-convex optimization problem are no longer globally
optimal solutions, which are more difficult to attain than in
convex problems.

Moreover, the multiple uncertainties from both the gen-
eration and the consumption side (such as wind genera-
tor and PV output, load, etc.) are still the main challenges
that CRIGs face during operation. The methods to describe
these uncertainties can be summarized as standby setting
methods [11] and stochastic programming methods [12].
The above two fields have witnessed continuous exploration
by many scholars, resulting in solutions based on fuzzifi-
cation [13], scenario analysis [14], spectrum analysis [15],
point estimation [16] and stochastic chance constrained pro-
gramming [17], whose effectiveness and practicability are
being continuously improved. However, there still exist many
problems, such as the subjective selection of membership
functions, the need for a large amount of sample data, the lim-
ited number of scenarios for which results are obtained,
the complexity of multi-scene description uncertainty, and
others, and it is difficult to ensure the efficiency and accuracy
of solutions. The theoretical framework of robust economic
dispatch of power systems is proposed from the perspective
of robust optimization, which opens up a new idea for power
uncertainty modeling [18]–[20].

Most robust optimization problems can be formulated as
max-min problems, which is the optimal solution of the
system in the worst case in order to ensure the robustness
of the system. However, in many cases the extreme situation
will not occur, or the probability of occurrence is close to
0. Under such circumstances traditional robust optimization
ignores economic aspects while improving the robustness of
the system, which makes the dispatching results too conser-
vative. The selection of the worst case considered for the opti-
mization problem, adjusting the boundaries of the robust set
reasonably, and balancing economic and robustness aspects
scientifically are problems that still require further study.

Furthermore, to improve the flexibility of the power grid,
we need to consider three aspects. (1) Improvement of the

regulation ability of each component in the power system and
the power grid itself. For example, when energy storage [21]
and compensation [22], [23] devices are connected to the
system, the resilience of the transmission capacity is strength-
ened [24]. (2) Improvement of planning and operation on
different time scales, such as prediction [25], generation
control [26], economic dispatch [27], ancillary services [28],
and others. (3) Reasonable price and transaction mechanisms
designed to meet the flexibility requirements of power system
planning and operation, such as demand response [29], P2P
trading [30], retail power markets [31], and others.

Simultaneously, power system dynamic optimal dispatch-
ing is a common multi-objective optimization problem with
multiple decision variables, nonlinearity and strong coupling.
The solution of power dispatch mathematical models involv-
ing large-scale grid-connected RES has become a subject
of interest for scholars in China and abroad. In terms of
model-solution, penalty factors [4], price penalty factors [10],
hierarchical algorithms [6], column and constraint genera-
tion algorithms [10] are efficient and fast, but the process
is complex and cannot be solved directly. If the model is
non-differentiable and non-convex, the traditional methods
above cannot be used to solve it, so feasibility and optimality
are not guaranteed. Some algorithms for solving non-linear,
non-convex, strongly coupled and complex constrained mod-
els are widely used, like hybrid biogeography-based opti-
mization with brain storm optimization [32], shuffle frog
leaping algorithm and particle swarm optimization [33],
efficient fitness-based differential evolution [34], and the
squirrel search algorithm [35]. However, with the develop-
ment of large-scale RES integration and multi-energy cou-
pling systems, the algorithm may terminate prematurely due
to the lack of global optimization ability in the face of
different complex optimization problems of modern power
dispatching.

Based on the above analysis, we built a optimization model
of day ahead dynamic game for CRIGs, which considers the
generation economy and robustness of transmission suffi-
ciency for each region. The two regions use the tie-line to
interconnection, and choose their own strategies according to
the possible strategies of the other side, tomaximize their own
interests under the strategy of the other side, so as to achieve
Nash equilibrium. In the model, we consider the intercon-
nection of tie-line areas and flexible loads. The uncertain
source-load sets are constructed using robust optimization
theory, the boundary of uncertain sets can be adjusted flexibly
by introducing the uncertain spatial constraint parameters.
Furthermore, according to the characteristics of the optimal
scheduling model, we propose a hybrid evolutionary filter
optimization (HEFO) to solve the above mixed-integer non-
convex nonlinear programming problem. We use modified
IEEE 39-bus systems and the power grid in the Hami region
of Xinjiang as the case studies to analyze the model, verified
the effectiveness and practicability of the model and algo-
rithm. Accordingly, the main contributions of this paper are
summarized as follow:
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•Weproposed a day-ahead optimizationmodel for CRIGs,
which considers the generation economy and robustness of
transmission sufficiency for each region. Under the back-
ground of UHV transmission technology as the physical
method of regional power interconnection, and centralized
distribution of renewable energy power generation in China,
the CRIGs can effectively alleviate imbalances between the
power supply and demand across regions that result from
large-scale and long-distance transmission.
•The a day-ahead optimizationmodel considers the spatial

clustering effect of RES and loads, uses robust optimization
theory to construct uncertainty sets, and introduces uncertain
spatial constraint parameters to overcome the shortcomings
of traditional robust optimization while reasonably reducing
the rotating reserve capacity and the blindness of dispatching
cost. In actual operation, compared with traditional robust
scheduling, the generation cost can be reduced by 21.9%
under the premise of acceptable safe operation.
• According to the characteristics of the optimal schedul-

ing model, we propose a hybrid evolutionary filter optimiza-
tion (HEFO) to solve the above mixed-integer non-convex
nonlinear programming problem.

We selected two interconnected modified IEEE 39-bus
systems as the cross-area dispatching model, analyzed the
dynamic dependence of uncertain variables on system econ-
omy and robustness, and explore most economical and reli-
able scheduling scheme under different decisions’ demands
by adjusting the parameters that restrict the aggregation of
uncertainties, such as prediction accuracy and confidence
probability etc. And the validity and feasibility of the pro-
posed model and algorithm are verified on the power grid in
the Hami region of Xinjiang.

II. CONSTRUCTION OF UNCERTAINTY SET
Taking wind power as an example, the uncertain output of
each period for wind turbines can be described as follows:{

PWi,t = PSWi,t
+1PWi,t

1PlWi,t
≤ 1PWi,t ≤ 1P

u
Wi,t
,
∀i, t (1)

where PWi,t , PSWi,t , 1PWi,t are the actual / predicted outputs
and the output deviation of the i-th wind farm at time t.
1PlWi,t , 1P

u
Wi,t are the upper / lower limits of deviation.

Using robust theory to construct sets with additive uncer-
tainties [7], we have:

p =
{
PWi,t = PSWi,t

+ γWi,t ·1PuWi,t
,∀i, t;∥∥γWi,t

∥∥
∞
≤ 1,

∥∥γWi,t

∥∥
1 ≤ 0Wt

}
∥∥γWi,t

∥∥
∞
= max

1≤i≤NW

∣∣γWi,t

∣∣ , ∥∥γWi,t
∥∥
1 =

∑NW

i=1

∣∣γWi,t

∣∣ (2)

where ||γWi,t ||∞ denotes the infinite norm; ||γWi,t ||1 ≤ 0Wt
is a 1-norm constraint of perturbation, which corresponds
to the spatial cluster effect of wind power output, thus the
uncertain spatial constraint parameter ãWt is proposed; γWi,t
is the deviation coefficient of the i-th wind farm at t. Suppose

δWi,t = |γWi,t |. If 1PWi,t is an independent and identi-
cally distributed random variable, then so is δWi,t , with an
expectation of µW and variance of σ 2

W. According to the
Lindeberg-Lévy central limit theorem, the standard variable
YpW of sum

∑NW
i=1 δWi,t for δWi,t obeys the standard normal

distribution, and the cumulative distribution function FpW(x)
satisfies Eq. (3) for any probability distribution.

lim
NW→∞

FpW (x) = lim
Nw→∞

P

{∑Nw
i=1 δwj − Nwµw
√
NWσW

≤ x

}

=

∫ x

−∞

1
√
2π

e
ξ2
2 dξ = 8(x) = αw, ∀t

(3)

where αW is the confidence probability. µW, and σW can be
obtained by predictive and statistical data. It is assumed that
1PWi,t follow a normal distribution [34], with an expectation
of 0, and a variance of σ ∗W. Thus, 0Wt can be deduced as
follows:

0W, = NW ·

√
2σ ∗2W
π

+8−1 (αw)

√√√√NW ·

(
σ ∗2W −

2σ ∗2W
π

)
, ∀t (4)

Different from traditional robust optimization, the bound-
ary for the set of uncertainties in Eq. (2) can be flexibly
adjusted using 0Wt according to the different αW required
by decision makers. For practical applications, the selection
of the confidence probability and the influence of αW on
system dispatching are analyzed and explained in detail in
Section III, Part C and Section V. Similarly, 0A

Lt and 0
B
Lt of

conventional loads in A / B regions can be derived using the
uncertain sets PALi,t and P

B
Li,t .

III. ROBUST OPTIMAL DISPATCHING MODEL
A. CROSS-DISTRICT DISPATCHING MODE
Let us consider the interconnection of two areas A and area B
through tie-lines, where A is the dispatching end with large-
scale wind power resources, thermal units and conventional
loads, while B is the receiving end, with relatively con-
centrated loads (thermal units, conventional loads, multiple
adjustable loads), but no RES. Depending on their power
consumption characteristics, loads can be divided into four
categories:

(1) Conventional loads (CLs), which exhibit high random-
ness and are not scheduled;

(2) Transferable loads (TLs), for which the transfer com-
pensation price coefficient is low;

(3) Peak catering loads (LSIs), where the load shedding
rate is low (15%), while the compensation price index is high;

(4) Peak avoiding loads (LSII), where the load shedding
rate is high (30%), but the compensation price index is low.

The sending-end transfers surplus power through the
tie-line under the constraints of power consumption and tie-
line planning. The receiving end consumes power through
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coordinated dispatch of thermal units and adjustable loads
to realize efficient power distribution among the regions and
promote the consumption of new energy produced. During
the optimization, information is updated and transmitted to
each erea. Both A and B regions choose their own strategies
according to the possible strategies of the other to ensure that
their own interests are maximized under the other’s strate-
gies, So as to realize the dynamic game optimization among
different regions.

B. MODEL SPECIFICATION
We take into consideration the consumption of thermal units,
the cost of flexible load dispatching and the rotating reserves:

min f =
T∑
t=1

(NGA∑
i=1

CA
i,t

(
PAGi,t

)
+

NGB∑
i=1

CB
i,t

(
PBGit

))
+fesu + fel + fek (5)

where T is the total dispatching cycle. NGA, NGB are the
number of thermal units in A and B, respectively, and PAGi,t ,
PBGi,t are the outputs of the i-th unit at t in A and B.CA

i,t (P
A
Gi,t ),

andCB
i,t (P

B
Gi,t ) (h / $) denote the total thermal generation cost;

considering the valve point effect, that is a pulse which will
be superimposed on the energy consumption curve [36]. The
valve point effect makes the energy consumption curve of
generating units no longer smooth quadratic convex function,
but non convex and non smooth [37], [38]. fesu is the start-up
/ shutdown cost of the thermal units, fel, fek are the cost of
flexible loads dispatching and rotating reserves (taking A as
an example in (6)-(9)):
NGA∑
i=1

CA
i,t

(
PAGi,t

)
= yAi,t

{
aAi + b

A
i P

A
Gi,t + c

A
i

(
PAGi,t

)2
+

∣∣∣dAi sin
[
eAi
(
PAGi,min

− PAGi,t

)]∣∣∣} (6)

fesu =
T∑
t=1

{∑NGA

i=1

(
Son,iFNA

i,t + Soff,iNF
A
i,t

)
+

∑NGB

i=1

(
Son,iFNB

i,t + Soff,iNF
B
i,t

)}
(7)

where, ai, bi, cidi, and ei are the fuel cost and threshold effect
coefficients, Son,I , Soff,i are the unit start-up cost coefficients,
yi,t , FNi,t , NFi,t are the operational / start-up / shutdown
state of thermal units. If a thermal unit is running, yi,t is 1,
otherwise it is 0. If the state of a thermal unit changes from
shutdown to start-up, FNi,t is 1, otherwise it is 0. If it changes
from start-up to shutdown, NFi,t is 1. PLTi,t > 0 represents
load removal, while a negative value indicates load attach-
ment. ξLSI, ξLSII, ξLT are the dispatching cost coefficients of
LSI / LSII / TLwhile PLSIt , PLSIIt , PLTt are the corresponding
scheduled powers. kWi, kLi are penalty coefficients of spin-
ning reserve cost for wind turbine / load.

fel =
T∑
t=1

(
ξLST · PLSt+ξSSII · PLSIIt + ξLT· | PLT1

)
(8)

fek =
T∑
t=1

{NW∑
i=1

kWiγWi,t1P
u
Wi,t
+

∑NA
L

i=1
kALifkA

+

∑NB
L

i=1
kBLifkB

}
where, fkA =

{
1PALi,tP

A-h
Lj,t , 1PALi,t > 0

0, 1PALi,t ≤ 0
(9)

In the above objective optimization, the following con-
straints must be met:

(1)Power balance constraints: Sending end:
NGA∑
i=1

PAGi,t · y
A
i,t +

NW∑
i=1

PWi,t =

∑NA
L

i=1
PALi,t + P

dc
t , ∀t (10)

Receiving end:

NGB∑
i=1

PBGi,t · y
B
i,t + P

dc
t =

NB
L∑

i=1

PBLi,t − PLSIt − PLSIIt−PLTt , ∀t

(11)

where Pdct , is the scheduling power of the tie-line.
(2) Operational constraints of thermal units (taking area A

as an example, B is the same):

yAi,tP
A
Gi,min

≤ PAGi,t ≤ y
A
i,tP

A
Gi,mos

, ∀i, t (12)

PAGi,t − P
A
Gi,(t−1) ≤ yAi,tR

A
Ui +

(
1− yAi,(t−1)

)
PAGi,max

+PAGi,min

(
yAi,t − y

A
i,(t−1)

)
, ∀i, t

(13)

PAGi,(t−1) − P
A
Gi,t ≤ yAi,tR

A
Di +

(
1− yAi,(t−1)

)
PAGi,max

+PAGi,min

(
yAi,(t−1) − y

A
i,t

)
, ∀i, t

(14)
−yAi,(t−1) + y

A
i,t − y

A
i,k ≤ 0, ∀i, t; t ≤ k ≤ TA

on,i + t − 1
(15)

yAi,(t−1) − y
A
i,t + y

A
i,k ≤ 1, ∀i, t; t ≤ k ≤ TA

off,i + t − 1
(16)

−yAi,(t−1) + y
A
i,t − FN

A
i,t ≤ 0, ∀i, t (17)

yAi,(t−1) − y
A
i,t − NF

A
i,t ≤ 0, ∀i, t (18)

Eq. (12) denotes the unit output constraint, Eqs. (13)-(14)
denote the climbing constraints, Eqs. (15)-(16) denote the
minimum start-up time constraints, and Eqs. (17)-(18) repre-
sent the logical relationship between running and start-stop
state variables. TA

on,I , T
A
off,i are the minimum start-up and

shutdown times of the thermal units.
(3) Flexible load dispatching constraints

0 ≤ PLSIt ≤ P
F
Rt · λLSI · 15%,∀t (19)

0 ≤ PLSII t ≤ P
F
Rt · λLSII · 30%,∀t (20)

−PFRt · λLT ≤ PLTt ≤ P
F
Rt · λLT,∀t (21)

T∑
t=1

PLSII t = 0 (22)

where PFRt are the total loads at t.
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(4) Tie-line constraints

Pdcdown ≤ Pdct − P
dc
t−1 ≤ P

dc
up, ∀t (23)

Pdcl ≤ Pdct ≤ P
dc
u , ∀t (24)

Pdct = Pdct+k ,P
dc
t−1 6= Pdct , ∀t; 1 ≤ i ≤ tn (25)

where Pdcdown, P
dc
up are the upper and lower climbing limits

for tie-line power. tn is the minimum maintenance time. Pdcl ,
Pdcu are the permissible upper and lower power limits for the
tie-line.

(5) The regional rotation reserve constraints are shown in
Eqs. (26)-(27), where L is the rotation reserve rate (%).

(6) Security constraints are shown in Eqs. (28)-(29), where
Pl,max is the transmission power limit of line l., while TrGi,
Trdc, TrWi, TrLi, TrRi the transfer distribution factors of ther-
mal units / wind generators / conventional loads / flexible
loads / tie-lines, respectively.

Sending end:
NGA∑
i=1

PAGi,max
yAi,t +

NW∑
i=1

PWi,t

≥

(∑NA
L

i=1
PALi,t + P

dc
t

)
(1+ L%) , ∀t (26)

Receiving end:
NGB∑
i=1

PBGi,max
yBi,t + P

dc
t

≥

(∑NB
L

i=1
PBLi,t − PLS It − PLSIIt − PLTt

)
(1+ L%) , ∀t

(27)

Sending end:
NGA∑
i=1

TrAGiP
A
Gi,t y

A
i,t − Tr

A
dcP

dc
t +

NW∑
i=1

TrAWi
PWi,t−

NA
L∑

i=1

TrALiP
A
Li,t


≤ PAl,max, ∀t (28)

Receiving end:
NGB∑
i=1

TrBGiP
B
Gi,t y

B
i,t −

NB
L∑

i=1

TrBLiP
B
Li,t + Tr

B
dcP

dc
t

−TrBR

 NB
L∑

i=1

PBLi,t − PLSIt − PLSII t − PLTt

≤PBl,max, ∀t

(29)

C. DISPOSING AND DECISION MAKING FOR
UNCERTAINTY
Robust optimal dispatching requires that the system can still
meet the operation requirements in theworst case of uncertain
variables, and obtain the most economical operation dispatch
of the system. This part is to analyze the safe operation of the
system in extreme cases.

The uncertainty descriptions of A’s and B’s regional loads
are similar to Eq. (1). NA

L and NB
L are the total numbers

of loads in A and B. PALi,t , P
A−S
Li,t , 1P

A
Li,t , 1P

A−u
Li,t , 1P

A−l
Li,t ,

γA
Li,t , are the actual / planned / deviation and upper / lower

limits of the deviation, and 0A
L,t is the spatial constraints of

the load in area A. Area B has the same variables as above,
which are distinguished using superscript B. The uncertainty
description and uncertainty set formulation for loads in A and
B are the same as those for the wind power output.

The uncertain variables of the model are treated as fol-
lows: the uncertain description of load in A and Eq. (10)

are introduced into Eq. (26) and the variables
∑NA

L
i=1 P

A
Li,t

and
∑NW

i=1 PWi,t are eliminated to obtain Eqs. (30) and (31).
By formulating the Lagrange function and using linear dual-
ity theory, we obtain

max

(NW∑
i=1

1PWi,t

)

= −

NW∑
i=1

γWi,t1P
u
Wi,t
,max

 NA
L∑

i=1

PALi,t


=

NA
L∑

i=1

(
PA-SLi,t + γ

A
Li,t1P

A-u
Li,t

)
.

max

(NW∑
i=1

1PWi,t

)

≤

NGA∑
i=1

PAGi,max
yAi,t −

NGA∑
i=1

PAGi,t y
A
i,t (1+ L%)

L%
−

NGA∑
i=1

PSWi,t

(30)

max

 NA
L∑

i=1

PALi,t



≤

NGA∑
i=1

PAGi,max
yAi,t −

NGA∑
i=1

PAGi,ty
A
i,t

L%
− Pdct (31)

The uncertainty description of loads in area B and
Eq. (11) are introduced into Eq. (27) to obtain Eq. (32),

and the corresponding expression: max
(∑NB

L
i=1 P

B
Li,t

)
=

NB
L∑

i=1

(
PB-SLi,t
+ γ B

Li,t
1PB-uLi,t

)
. Based on the above analysis we can

obtain the lower and upper limits of the uncertain sets of wind
generator output and CLs reach the lower and upper limits in
the extreme case.

max

 NB
L∑

i=1

PBLi,t

 ≤
NGR∑
i=1

PBGi.max
yBi,t −

NGR∑
i=1

PBGi,t yi,t

L%

−

 NB
L∑

i=1

PBLi,t − PLSIt − PLSIIt − PLTt

 (32)
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FIGURE 1. Probability relation of constraint violation in area A.

We consider the most extreme situation at t , where the
deviation coefficient of only one wind farm output and load
are less than 1. If the wind farm is j, the total wind power
output and the total CLs in the case of area A are as shown in
Eq. (33) and (34).

NW∑
i=1

PWi,t =

NW−1∑
i=1

(
PSWi,t

−1PuWi,t

)
+PSWj,t

−
(
0W,t −

[
0W,t

])
1PuWj,t

(33)

NA
L∑

i=1

PALi,t =
NA
L −1∑
i=1

(
PA-SLi,t +1P

A-u
Li,t

)
+ PA-SLj,t −

(
0A

L,t

−

[
0A

L,t

])
1PA-uLj,t (34)

where [·] is the ceiling symbol. The probability that in area
A the system cannot satisfy the spinning reserve constraint is
shown in Eq. (35).
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+ exp

−
(
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)2
2NA
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+ exp
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W,t

2NW
−

(
0A
L,t

)2
2NA

L

 (35)

By introducing Eq. (4) into Eq. (35), the relationship
between the rotating reserve violation probability in area A
and the confidence probability of both wind farm output and
load uncertainty sets can be obtained as shown in Fig. 1
(assuming both wind plants and total loads are 30). Similarly,
the probability of backup violation in area B is given in
Eq. (36).

P

{NGB∑
i=1

PBGi,max
yBi,t + P

dc
t <

(∑NB
L

i=1
PBLi,t

−PLSIt − PLSIIt − PLTt
)
(1+ L%)

}
≤ exp

−
(
0B
L,t

)2
2NB

L


(36)

FIGURE 2. Probability relation of constraint violation in area B.

From Figs. 1 and 2, we see that the rotating reserve vio-
lation probability in area A decreases continuously with the
increase in the confidence probability. As the number of
loads decreases in area B, the violation probability increases
correspondingly. Therefore, the system conservatism can be
reduced by flexibly adjusting the confidence probability of
uncertain sets. In this manner, the prediction accuracy can
be improved, which is also an effective way to reduce the
scheduling conservatism. (The above graphical analysis is
based on the standard normal distribution of deviations, when
the prediction accuracy is only 68.27%.)

Decision makers must weigh the probability of violating
system security constraints and system economy according
to the requirements and characteristics of the system. The
economy of the system can be increased through an informed
reduction of the confidence probability, or the robustness
of the system can be improved by improving the prediction
accuracy of uncertain variables and increasing the confidence
probability. After fully balancing economy and conservatism,
the obtained plan is both robust and optimally scheduled.
It is worth noting that we quantify the robustness of the
system and evaluate it through the probability of exceeding
the system security constraints. Different from traditional
robust optimization approaches, we do not optimize the sys-
tem under the premise of 100% security and stability, because
the results obtained in this case are too conservative at the
expense of system economy. We maintain the probability
of exceeding the system security constraints at a low level
close to 0, or control the probability within a range that is
acceptable by decision makers.

IV. COLLABORATIVE EVOLUTIONARY SOLUTION BASED
ON FILTER TECHNOLOGY
The robust optimal dispatching model is an optimization
problem for thermal unit operation, flexible loads and tie-line
planning in an uncertain environment (The power of the
tie-line is discretized to amultiple of 10 to ensure smooth run-
ning and prevent excessive burrs.). For the uncertain variables
(PALi,t ,P

B
Li,t
,PWi,t ) in the system, we establish the uncertain

set in the manner presented in section II. We explore the
relationship between the probability of the system exceeding
security constraints and the dispatching results under differ-
ent confidence probabilities. Considering both economy and
robustness combined with the actual situation and decision
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demands, the most appropriate confidence probabilities are
selected to optimize the following decision variables: the
Boolean variables yi,t , FNi,t , NFi,t , the discrete variable Pdct ,
and the continuous variables PGi,t , PLSIt , PLSIt , and PLTt . The
general form is shown in (37).

min f (X ,Y ,Z )
s.t.g(X ,Y ,Z ) ≤ 0;
h(X ,Y ,Z ) = 0;
Xmin ≤ X ≤ Xmax,Zmin ≤ Z ≤ Zmax

(37)

where, X = [x1, x2, . . . , xn], Y = [y1, y2, . . . , yn] and
Z = [z1, z2, . . . , zn] represent continuous / Boolean / discrete
variables, f (X, Y, Z) represents the objective function, and
g(X, Y, Z), h(X, Y, Z) represent the inequality / equality
constraints. In order to solve the above mixed-integer non-
convex nonlinear programming problem, a co-evolutionary
algorithm based on filtering is proposed. The algorithm is
based on the evolutionary principle of species, so we adopt
a multi-population coordination mechanism, which includes
an improvedmoth-flame optimization (IMFO) for continuous
variables, a differential evolution (DE) algorithm for discrete
variables and a genetic algorithm (GA) for Boolean variables.

A. FILTER TECHNOLOGY
We form a number pair (F, G) consisting of an objective
function and a constraint violation degree to represent the
filter, where, F = f (X, Y, Z), while G is defined in (38). Like
the minimum value problem, the filtering approach has the
following definitions [39].

G = max(0, g(X,Y ,Z))+ abs(h(X,Y ,Z)) (38)

Definition 1: If F(xi) ≤ F(xj), and G(xi) ≤ G(xj), it is said
that filter (F(xi)), G(xi)) dominates filter (F(xj)), G(xj)).
Definition 2: Filters in filter set do not dominate each other.

B. ALGORITHMIC FLOW
In the proposed hybrid evolutionary filter optimization
(HEFO), the positions of individuals in space correspond
to decision variables in the optimal scheduling problem.
Eqs. (10)-(11) correspond to h(X, Y, Z), while Eqs. (26)-(29)
correspond to g(X, Y, Z). For other inequality constraints,
which can be treated as boundary limits, we leverage the
advantages of metaheuristic algorithms (IMFO, GA and DE
are heuristic algorithms). The detailed steps of solving the
optimal scheduling model using HEFO are shown in Fig. 3.

The continuous variables are optimized using the IMFO.
Moth-flame optimization (MFO) was proposed by Mirjalili
in 2015. It originated from the lateral positioning navigation
mode of moths during night flight [40]. The location of moths
in the search space is updated using a logarithmic spiral
operator. Exploration and exploitation are balanced effec-
tively in (39), which describes the helical flight path of moth.
The discrete variables are optimized using the GA, which
generates a new population through a series of operations
including selection, crossover and mutation of the current

FIGURE 3. Algorithm flow chart.

population. The GA is efficient and has good adaptability.
The Boolean variables are optimized using the DE, which is
a stochastic heuristic search algorithm. The DE has strong
robustness and global search ability.

MN+1
i = Di · ebt · cos(2π t)+ Fj
Di = |Fj −Mi| (39)

where, superior N denotes the current number of iterations,
M is the moth position, F is the flame position, which is
the optimal position for moths currently, b is a logarithmic
helix shape constant, t is a random number between [−1, 1]
denoting the distance of the moth’s next generation from its
corresponding flame (t = −1 is the nearest and t = 1 is the
farthest).

MN+1
i = MN

i + ∂ ⊕ L(λ)⊕ (MN
i − best), i = 1 . . . dim

L(λ) =

∣∣∣∣∣0(1+ λ)∗ sin(πλ2 )

0( 1+λ2 )∗λ∗2(
λ−1
2 )

∣∣∣∣∣
1
λ

(40)

In order to increase the diversity of the population and
avoid the premature termination of the algorithm, Lévy flight
strategy is added to the MFO. Eq. (40) illustrates the process
of Lévy flight strategy, where ⊕ denotes point-to-point mul-
tiplication, ∂ is the step size control factor, best is the best
location of the moth, L(λ) is the Lévy random search subject
to the Lévy distribution, and λ is a constant between [1, 3].

The solution of the DE is updated as follows:

VG
i = XGr1 ⊗

(
XGr2 ⊗ X

G
r3

)
(41)

where, r1, r2, r3 ∈ [1, NP] are the non-repetitive random
variables, NP is the population size, X corresponds to the
decision variables of species B, and ⊗ is the XOR logical
operator.
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TABLE 1. Operating parameters of conventional unit and tie-line.

V. CASE STUDY
A. CASE 1: MODIFIED IEEE-39 BUS SYSTEM
In this case, we select two interconnected IEEE 39-bus sys-
tems as the cross-area dispatching model. A single area sys-
tem consists of 10 conventional units and 46 transmission
lines. The line reactance and allowable maximum power flow
are 0.3p.u and 200 MW, respectively. The regional converter
stations are located at the 7th and 27th nodes of the sending
and receiving ends, respectively. The wind farm and the
controllable loads are connected to nodes 29 and 25 at the
receiving end. The average predicted outputs of the wind farm
and the conventional loads at both ends are in Fig. 4. The
system operation parameters are provided in Tables 1-4.

FIGURE 4. Mean value of load and wind output prediction.

TABLE 2. Flexible load settings.

TABLE 3. Penalty coefficients.

1) INFLUENCE OF CONFIDENCE PROBABILITY
First, we study the effect of different confidence probabilities
on scheduling results. We set the prediction accuracy as

TABLE 4. Algorithmic settings.

FIGURE 5. Operational status of units (α = 0.6, 68.27%).

68.27%, the number of wind farms to 30, and the number
of loads in A / B are 20 / 30, respectively. Different confi-
dence probabilities were selected and the results are shown
in Table 5.

As the confidence probability decreases, the interval of
uncertain sets shrinks, the cost of rotating reserve and flex-
ible dispatching decreases, and the dispatching economy
increases. It should be noted that the total cost does not have
a linear relationship with the confidence probability. When
α < 20%, there is little change in the total cost, while the total
cost decreases rapidly between 55% and 20%. When α =
60%, the operational status of thermal units in both ends are
shown in Figure 5, where ‘‘o’’ indicates motion while ‘‘∗’’
indicates idleness. The dispatching results for the sending
and receiving ends are shown in Figs. 6 and 7 (the specific
strategies are shown in Tables A.I and A.II in the Appendix).
The above results provide a reference for decision makers to
reasonably select the confidence probability, while consid-
ering the conservativeness of the system and improving its
economy.
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TABLE 5. Comparison results for different confidence probabilities.

FIGURE 6. Operational strategy of sending end.

FIGURE 7. Operational strategy of receiver system.

FIGURE 8. Convergence of different algorithm combinations.

To further illustrate the competitiveness of HEFO com-
pared with other algorithms, Table 6 shows the scheduling
results of the filter coordination algorithm combined with
different algorithms when α = 0.6. The convergence of
the algorithm is shown in Fig. 8. (Case 1: IMFO + DE +
GA; Case 2: MFO + DE + GA; Case 3: Particle swarm
optimization (PSO) + DE + GA; Case 4: DE + DE + GA;
Case 5: GA + DE + GA)

It can be seen from the results in Table 6 that the combina-
tion algorithm we selected has obtained the most satisfactory
results. Simultaneously, it is proved that the improved Moth-
flame Optimization has the advantages of faster convergence

TABLE 6. Comparison of different algorithms.

speed and higher accuracy in solving continuous variables,
and has obvious advantages in dealing with optimization
problemswith complex constraints. It can be seen fromFig. 8.
that the combination algorithm selected in this paper also has
certain advantages in convergence speed.

2) EFFECTS OF SPATIAL CONSTRAINT PARAMETERS
We studied the effect of different spatial constraint parame-
ters on scheduling results. The wind farms and loads were
divided into several parts with the same total power, while
the prediction accuracy was maintained at 68.27%. The total
costs under different confidence probabilities are in shown
in Fig. 9. (Case 1: 2 wind generators and 2 loads; Case 2:
10 wind turbines and 10 loads; Case 3: 20 wind turbines and
10 loads; Case 4: 20 wind turbines and 20 loads; Case 5:
30 wind turbines and 30).

FIGURE 9. Impact of spatial cluster effect on cost (prediction
accuracy = 68.27%).

It can be seen from Fig. 9 that with increase in the number
of wind farms and loads, the distribution of wind turbines
and loads become sparser, the spatial constraints parame-
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ters increase, so the volatility of uncertain variables can be
described more carefully while the dispatching cost gradu-
ally reduces. Thus, better dispatching results and operation
schemes are obtained.

3) ECONOMIC AND CONSERVATIVE DECISION MAKING
In order to balance economy and conservatism opera-
tional strategies, it is important to scientifically and rea-
sonably select the confidence probability of uncertain sets.
We explored the dispatching cost and the probability of
constraint violation for interconnected systems under differ-
ent confidence probabilities. We set the prediction accuracy
of both source and loads to 68.27% and the number of
wind generators and loads in A / B to 10. A comparison
of results under different confidence probabilities is shown
in Fig. 10.

FIGURE 10. System economy and conservatism under different
confidence probabilities in case 1.

Fig. 10 shows that the probability of violation for system
constraints increases nonlinearly with the confidence proba-
bility. The constraint violation probability increases rapidly
when α is between [23%, 50%]. When α > 23%, the viola-
tion probability is approximately 1 and unchanged, while it
increases slowly and is below 3% when α < 50%.

B. CASE2: HAMI POWER GRID IN XINJIANG
In order to verify the economy and conservativeness of the
robust optimal dispatching model with uncertainties on both
source and load sides in actual power system dispatching
problems, the sending end was replaced by the Hami power
grid in Xinjiang. The Hami regional power grid is centered
on Hami city and forms a grid with +800 KV, 750 KV, and
220 KV voltage levels as the backbone. The grid structure
and line parameters are shown in Fig. 11. The No. 1 and
2 wind farm groups consist of 10 and 12 wind farms with total
capacities of 2000 MW and 1000 MW, and the matching DC
thermal plants have 8 units with a rated output of 4800 MW.
The forecasting of loads at both ends and wind power output
are shown in Fig. 12. We set the number of loads on both
ends at 30. The operating parameters of the thermal units on
the sending side and the tie-line are listed in Table 7-9. The
receiving end is still equivalent to the IEEE-39 bus system
and the unit operation parameters are the same as those of
Case 1.

The penalty coefficient, the controllable load and the
algorithm parameters of the system were also unchanged.

FIGURE 11. Structure and line parameters of Hami power grid.

FIGURE 12. Forecast values of wind power output and loads.

TABLE 7. Fuel cost coefficients of thermal units at sending end.

TABLE 8. Operating parameters of thermal units at sending end.

TABLE 9. Operating parameters of tie-line.

Fig. 13 shows the dispatching cost and the probability of
constraint violation for interconnected systems under differ-
ent confidence probabilities. The results are similar to those
shown in Fig. 10 in Case 1. The system dispatcher can balance
economy and conservatism of the system consistently and
reasonably, and obtain the corresponding operation scheme
based on the non-linear relationship between the confidence
probability, system cost and constraint violation probability.
When the confidence probability is reduced to 0.44, the total
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TABLE 10. Operation strategy of sender system.

FIGURE 13. System economy and conservatism under different
confidence probabilities in Case 2.

cost of the system decreases by 21.9% compared with that of
α = 0.62, while the probability of system constraint violation
remains at a low level of only 0.5%. Fig. 14 shows the
operation status of thermal units for α = 0.44 at the sending
end, where ‘‘o’’ denotes operation while ‘‘∗’’corresponds to
idleness. The detailed dispatching plan is shown in Fig. 15,
and the output power of each unit and tie-line are shown
in Table 10.

From the above results, it can be seen that the proposed
robust optimal dispatching model for CRIG is effective in
practical power grids. In practical problems, a more detailed
and comprehensive analysis of the impact of the confidence
probability on dispatching results and the security of the sys-
tem should be undertaken. Considering the actual prediction

FIGURE 14. Operation status of thermal units at sending end.

FIGURE 15. The optimization plan of thermal units and tie-line.

accuracy of uncertain variables, the appropriate confidence
probability must be selected from within the acceptable prob-
ability range of the system exceeding safety constraints, that
the robustness and economy of the system are both taken into
account.
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TABLE 11. Operation strategy of sender system.

TABLE 12. Operation strategy of receiver system.

VI. CONCLUSION
We propose a robust optimal scheduling model consid-
ering the bilateral uncertainties of source and load for

interconnected systems with large-scale grid connected RES.
Spatial constraints are introduced to flexibly adjust the
boundaries of uncertain sets by varying the confidence
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probability to balance economy and conservatism. Accord-
ing to the characteristics of the model, a filter-based
co-evolutionary algorithm is proposed. The proposed algo-
rithm solves the mixed-integer non-convex non-linear pro-
gramming model effectively. Furthermore, we analyze the
effects of prediction accuracy constraints, confidence prob-
ability and spatial cluster on dispatching cost and constraint
violation. The results provide reference for the reasonable
selection of the confidence probability while considering the
system conservativeness and improving the economy. Finally,
the feasibility and validity of the proposed model and algo-
rithm in the actual power grid are demonstrated taking the
Hami power grid in Xinjiang as a case study.

APPENDIX
See Table 11 and 12 here.
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